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There  is a growing  interest  in the  cross-country  comparisons  of  the  performance  of  national
health  care  systems.  The  present  work  provides  a comparison  of  the  technical  efﬁciency
of the  hospital  sector  using  unbalanced  panel  data  from  OECD  countries  over  the  period
2000–2009.  The  estimation  of  the  technical  efﬁciency  of  the  hospital  sector  is  performed
using  nonparametric  data  envelopment  analysis  (DEA)  and  parametric  stochastic  frontier
analysis  (SFA).  Internal  and  external  validity  of  ﬁndings  is  assessed  by  estimating  the  Spear-
man rank  correlations  between  the  results  obtained  in  different  model  speciﬁcations.  The
panel-data analyses  using  two-step  DEA  and  one-stage  SFA  show  that countries,  whichEA
FA
have  higher  health  care  expenditure  per  capita,  tend to  have  a more  technically  efﬁcient
hospital  sector.  Whether  the  expenditure  is  ﬁnanced  through  private  or  public  sources  is
not  related  to the  technical  efﬁciency  of  the hospital  sector.  On  the other  hand,  the hospital
sector  in  countries  with  higher  income  inequality  and  longer  average  hospital  length  of  stay
is less  technically  efﬁcient.
© 2013 The Authors. Published by Elsevier Ireland Ltd. Open access under CC BY-NC-SA license.. Introduction
International comparisons of health care system per-
ormance have always drawn the attention of different
ctors in health policy. In many OECD countries, the health
are system constitutes the largest service industry, with
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Open access undan average health spending reaching 9.5% of GDP in 2010.
In particular, the hospital sector consumes a considerable
share (16–48%) of total health expenditure in OECD coun-
tries [1]. The analysis of the hospital industry provides an
important contribution to the comparison of health care
system performance.
Hospital efﬁciency is one of the key indicators of hos-
pital performance. Although manifold efforts have been
undertaken to evaluate and compare hospital efﬁciency
within a particular country, only a few studies have so
far conducted a between-country analysis of hospital efﬁ-
ciency utilizing data from two  to four countries [2–8].
The scarcity of studies, which investigate between-country
hospital efﬁciency, has been underlined by the lack of
suitable data needed for a comprehensive international
comparison [5]. The available studies performed their efﬁ-
ciency analyses using nonparametric techniques, such as
data envelopment analysis (DEA) and directional distance
function, with the only exception of Kittelsen et al. [3],
er CC BY-NC-SA license.
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who tested the robustness of their results by comparing the
effects of environmental factors on efﬁciency estimated by
two-step DEA with parametric stochastic frontier analysis
(SFA).
The analysis of the efﬁciency of health production at
country level in general, without the focus on the hospi-
tal sector, using parametric and nonparametric approaches
has been attempted previously [9–18]. Most of these stud-
ies analyze how efﬁcient countries are in producing health
care outcomes, e.g., life expectancy. Färe et al. [9] presented
a nonparametric model most closely related to efﬁciency
studies in the hospital sector, which focused on the produc-
tion of intermediate hospital outputs over the period from
1974 to 1989. However, their inputs did not completely
discriminate between the inpatient and outpatient sectors
and their output variables did not include any control for
case-mix differences.
These shortcomings provided the motivation for the
present comparative study of the hospital sector efﬁciency
in OECD countries, which estimates technical efﬁciency
with parametric and nonparametric techniques across a
number of models using aggregate hospital data at country
level and controlling for the differences in case sever-
ity. Furthermore, the estimates of hospital efﬁciency are
regressed on a set of environmental variables to analyze
the factors associated with higher levels of efﬁciency using
unbalanced panel data from 2000 to 2009. The purpose of
this study is to expand the previous attempts to compare
the efﬁciency of the hospital sector and to examine the
environmental factors associated with the cross-country
differences in hospital sector efﬁciency. Moreover, the
study aims to enhance the understanding of the use of
efﬁciency methods for the purpose of international com-
parison of the hospital sector performance.
2. Methods
In the deﬁnition of efﬁciency, the distinction should be
made between technical and price (allocative) efﬁciency
measures, which together comprise the overall (economic)
efﬁciency, and scale efﬁciency [19,20]. This study analyzes
only one facet of efﬁciency, namely, technical efﬁciency.
This decision is necessitated both by theoretical and data
considerations, as international hospital cost statistics,
needed for the estimation of price (allocative) efﬁciency,
are not available and scale properties do not lend them-
selves to estimation at country level [3].
Frontier analysis has ﬁrmly established itself as a reli-
able method for the assessment of efﬁciency. However, a
wide variety of frontier models are available with few the-
oretical or statistical criteria to judge between them. This
study compares nonparametric data envelopment anal-
ysis (DEA) with parametric stochastic frontier analysis
(SFA).
2.1. Data envelopment analysis (DEA)Around 80% of frontier efﬁciency analyses published
up to mid-2006 employ nonparametric techniques, the
principal application being DEA [21]. The popularity of
DEA is underlined by its convenient qualities. DEA allows Policy 112 (2013) 70– 79 71
considering multiple inputs and outputs simultaneously
and requires no a priori assumptions about the functional
form of the production frontier. For detailed technical
descriptions of DEA the reader is referred to a number of
sources [20,22–25], and only a brief discussion of relevant
aspects is given here.
One important assumption to make when performing
DEA is whether to use an input- or output-orientation. An
input-oriented model holds the current level of output con-
stant and minimizes inputs, whereas an output-oriented
model maximizes output keeping the amount of inputs
constant. Farrell [19] did not specify a formal deﬁnition
of the contemporary “Farrell measure” of the technical
efﬁciency of production and did not standardize the two
different measures of technical efﬁciency [26,27]. Deprins
and Simar [26] deﬁned input technical efﬁciency as a
measure between zero and one, whereas output technical
efﬁciency as a measure greater than one.
Another important theoretical assumption in DEA is
whether to apply constant or variable returns to scale.
The ﬁrst nonparametric models for efﬁciency estimation by
Charnes et al. [28] assumed constant returns to scale (CRS).
Later on, Banker et al. [29] incorporated variable returns
to scale (VRS) to account for ﬁrms, which do not operate
at their optimal scale. If ratio data is used in DEA, which
is the case in the present study, then for technical reasons
the model with the VRS constraint is applied, even though
ratio data imply CRS [30].
Nonparametric efﬁciency measures have been criti-
cized for lacking a statistical basis. DEA is a data-driven
approach, where observations are produced by an implicit
data-generating process (DGP). Exploring the underlying
DGP provides the means to analyze the sensitivity of esti-
mated efﬁciency scores to sampling variation. Owing to
the works of Simar and Wilson [31–33], bootstrapping
the DEA efﬁciency scores has gained in popularity. The
idea of bootstrap lies in repeated simulations of the DGP,
creating a new dataset of the original size. The original
estimator is applied to each simulated sample, producing
estimates that imitate the sampling distribution of the orig-
inal estimator. The bootstrap procedure allows deriving
the statistical properties of efﬁciency scores, by estimat-
ing the bias and variance and by constructing conﬁdence
intervals.
All efﬁciency scores obtained in the ﬁrst stage of DEA
and presented in this study are corrected for the bootstrap
bias. The DEA input-oriented efﬁciency estimate is biased
upward, because the minimization problem involves a
smaller set of decision-making units than the true set.
With the help of bootstrap, the original estimates can be
corrected downward for the estimated bias value. Alterna-
tively, the application of bootstrap to the output-oriented
efﬁciency case implies correcting the estimated efﬁciency
upward for the bias. This study uses a conventional amount
of 2000 bootstrap replications. In the second stage of
DEA, the bias-corrected efﬁciency scores obtained from
the cross-sectional estimations for years 2000–2009 are
regressed on a set of explanatory variables using the trun-
cated regression model. Truncated regression allows taking
advantage of the bootstrap procedure and performs well in
terms of conﬁdence intervals coverage [33].
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.2. Stochastic frontier analysis (SFA)
SFA was independently developed by Aigner et al. [34]
nd Meeusen and van den Broeck [35]. SFA decomposes
he error term into two  components. One part represents
andom events outside the decision-making unit’s con-
rol and the other part is a non-negative term capturing
nefﬁciency. SFA is a parametric technique, which requires
ssumptions about the functional form of the production
unction and the distribution of the error terms. In this
tudy, the single-output Cobb–Douglass frontier produc-
ion function is estimated. Initially, the ﬂexible translog
odel was also considered. However, the translog does
ot ﬁt our data, as the model does not converge after 110
terations and the input terms in the production function
re insigniﬁcant and some are negative. In contrast, the
obb–Douglas model provides an excellent ﬁt. It has been
hown in simulation studies that a mis-speciﬁed translog
unction performs rather poorly despite its ﬂexibility if the
ample size is small [36].
In the cross-sectional SFA models, used in this study to
udge the validity of the DEA efﬁciency estimates, inefﬁ-
iency terms are assumed to be half-normal distributed.
ther hospital studies have employed half-normal, expo-
ential, and truncated distributions. The lack of a priori
ustiﬁcation for the use of any particular distribution has
een a general criticism of SFA. However, the research
as shown that different distributions have a very small
mpact on the estimates of inefﬁciency [10,37]. In our study,
he correlation between the estimates of inefﬁciency using
xponential and half-normal distributions is very strong
0.99), whereas the estimation based on truncated distri-
ution does not achieve convergence.
The panel data models of SFA distinguish two
pproaches, concerning the assumption of whether or
ot efﬁciency changes over time. Time-invariant efﬁ-
iency models assume efﬁciency to be constant over time
38–41]. This assumption is not particularly plausible in
he setting where data are collected over long periods or
hen external periodic inﬂuences are expected to affect
fﬁciency [20]. Other approaches assume time-varying efﬁ-
iency, whereby the general pattern of efﬁciency change
hould be modeled. Several approaches to modeling time-
ependency in efﬁciency have been suggested [42–44].
his study uses the approach of Battese and Coelli [45]. In
his model, the inefﬁciency term is deﬁned by the trun-
ation at zero and is directly affected by country-speciﬁc
actors.
.3. Validity testing
While the real advantage of DEA is its ability to estimate
 multiple input, multiple output model, it is often advis-
ble in a single-output model to use parametric techniques
25]. When the researcher does opt for the nonparamet-
ic estimation, two important considerations should be
aken into account. First, DEA imposes a strong assump-
ion of no error in the data, which is often quite unrealistic.
econd, the nonparametric nature of the analysis creates
ifﬁculties in applying the standard diagnostic tests to eval-
ate the results of DEA [46]. The uncertainty surrounding Policy 112 (2013) 70– 79
nonparametric estimates is mitigated by applying the boot-
strap procedure, which provides the means to infer the
statistical properties of the estimated efﬁciency scores and
to produce the bias-corrected estimates [31,32]. More-
over, the bootstrap procedure allows testing restrictions
in nonparametric efﬁciency models, such as the relevance
of inputs or outputs, aggregation of inputs or outputs [47],
and returns to scale [48].
The validity of ﬁndings can be classiﬁed into inter-
nal validity, which concerns the stability of the results
to changes in the used methods, and external validity,
which addresses the applicability of the results in a more
general setting [25]. Internal validity can be tested by
examining the changes in the efﬁciency estimates when
different combinations of input and output variables are
used [46,49] or when different methods are applied within
the same dataset, such as input- versus output-orientation
[12]. External validity can be tested as the consistency over
time [25,50] or by comparing the efﬁciency scores esti-
mated by DEA with the efﬁciencies derived by SFA using
the same set of input and output variables [46,50–53].
The statistical data analyses are performed using R.
Speciﬁcally, package ‘Benchmarking’ [54] is applied for DEA
and package ‘frontier’ [55] is used for SFA.
3. Variables and data speciﬁcation
Data for the analysis are obtained from the Organisa-
tion for Economic Co-operation and Development (OECD)
Health Data 2012, which is the broadest source of com-
parable statistics on diverse health systems across OECD
countries. The sources and methods of data collection are
described in detail in the OECD documentation [56]. In this
study, data for the period 2000–2009 are used. Due to the
fact that countries are not uniform in their reporting prac-
tices and not all variables are recorded each year, a slight
adjustment of OECD data is indispensable and is common
in OECD studies (e.g., [12,13]). In this study, linear interpo-
lation is applied to impute missing values in the time-series
for particular countries, which basically means that some
of the gaps are ﬁlled with average estimates (but no more
than for a two-year period). Chili, Mexico, and Sweden are
completely excluded from all estimations due to missing
variables, resulting in a ﬁnal sample of 31 OECD countries.
The deﬁnitions of variables used in this study and summary
statistics for 2007, which is the year with the most available
data points, are presented in Table 1.
3.1. Output variables
3.1.1. Discharges
The ideal measure of ﬁnal output in hospital care would
be some measure of the health gain of individual patients
[21]. However, these data are not readily available, which
prompts researchers to use some form of an intermediate
output in their analyses, which usually involves inpatient
days [4,6] or discharges [57]. Discharges are argued to be a
better output measure than inpatient days, as unnecessary
inpatient days at the margin for a hospital episode might
falsely indicate high efﬁciency [58].
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Table  1
Descriptive statistics (year 2007).
Variable Deﬁnition Measurement Mean SD
Input variables
Beds Total hospital beds Density per 1000 population 5.49 2.28
Employment Total hospital employment Density per 1000 population
(head counts)
15.40 5.22
Physicians Physicians employed in hospitals Density per 1000 population
(head counts)
1.76 0.58
Nurses  Professional nurses and
midwives employed in hospitals
Density per 1000 population
(head counts)
4.51 2.13
Output  variables
Discharges Discharge rates by diagnostic
categories aggregated by case
severity
Density per 1000 population 174.88 53.55
Mortality 1 − average in-hospital mortality
rate
Rate per 100 patients 0.90 0.03
Environmental variables
Expenditure Health expenditure Per capita thousands US$ PPP 3.02 1.37
%  of GDP 8.37 1.94
Hospital expenditure Hospital expenditure Per capita thousands US$ PPP 1.05 0.47
%  of GDP 3.08 0.72
Private expenditure Private sector health expenditure % of current expenditure on
health from private sector
27.24 9.19
Inequality Income inequality Gini coefﬁcient after taxes and
transfers for the mid-2000s
0.31 0.05
Hospital density Total hospitals Density per million population 32.19 17.00
Public  hospitals Publicly owned hospitals % of total hospitals 0.54 0.25
Education Population with upper secondary
education
Density per 1000 population 12.18 2.41
Length  of stay Average length of stay: in-patient
care
Days 9.21 5.40
Population over 65 Population: 65 years old and over % of total population 14.84 3.30
Life  expectancy Life expectancy at birth Years 79.03 2.62
Infant  mortality Infant mortality Deaths per 1000 live births 4.34 2.45
Full-time employment Incidence of full-time
employment
The share of full-time
employment in the economy
85.25 7.45Source: OECD Health Data 2012, OECD Labor 2012.
OECD relies on International Shortlist for Hospital Mor-
bidity Tabulation (ISHMT) in developing a list of diagnostic
categories consisting of groups deﬁned by both ICD-9 and
ICD-10 codes, which allows comparisons of discharges and
length of stay (LOS) by diagnostic category between coun-
tries using different International Classiﬁcation of Diseases
(ICD) revisions [59]. As this list has been considered to be
too extensive for the purpose of our analysis, the shortlist
containing 20 sections of diagnostic categories is used.
The discharges by diagnostic category are aggregated
into a weighted measure of total discharges on the basis
of case severity using the information on LOS by diagnos-
tic category. A strong assumption to such aggregation is
that LOS represents a resource usage implied by a particu-
lar illness severity. The aggregation procedure follows the
methodology of Herr [60], who developed and applied it to
hospital-level data.
First, the global LOS measure is calculated by adding the
duration of all stays in days across all discharge categories
in all countries and dividing it by the absolute number of
all discharges. Second, from this information the index of
discharge weights is constructed as a ratio of LOS in a par-
ticular disease category and dividing it by the global LOSmeasure. An index smaller (bigger) than one represents a
discharge category, which involves a shorter (longer) than
average LOS. The ﬁnal measure of aggregated discharges
adjusted by case severity is then created by multiplying
the discharges by diagnostic categories by the index of dis-
charge weights and summarizing the adjusted discharges
for a given country. Note that the measure of LOS as applied
here is not used to rate the countries but rather to rate
the discharge categories, and does not, thereby, lead to
the problem of overestimating outputs in countries, which
encourage longer LOS.
3.1.2. Mortality
Discharges represent an activity-based measure of out-
put and as such, all else being equal, rate the countries that
treat more patients as more efﬁcient [20]. An activity-based
analysis considers two  countries with the same number of
discharges as equivalent, even though patients are more
likely to die if treated in one country than another.In-hospital average mortality rate has been used in
recent studies as an additional output variable to control for
the potential tradeoff between inefﬁciency and mortality
[61,62]. OECD provides statistics on in-hospital mortality
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ollowing acute myocardial infarction (AMI) and stroke.
lthough this measure has limitations, as it only captures
 small proportion of all in-hospital deaths, AMI  and stroke
ortality rates do represent a good proxy measure for
ospital quality as they encompass effective medical inter-
entions and timely and coordinated treatment of patients.
onsequently, AMI and stroke mortality rates have been
mployed for hospital benchmarking within and between
ECD countries. Beyond the quality of hospital care, AMI
nd stroke mortality can be inﬂuenced by differences in
he recording of hospital transfers, average length of stay,
nd the severity of AMI  or stroke, among other factors [56].
In this study, the admission-based 30 day age–sex stan-
ardized average in-hospital mortality rate is constructed
cross three conditions, namely, AMI, hemorrhagic stroke,
nd ischemic stroke, while treating each condition with
qual weight.
.2. Input variables
.2.1. Beds
The number of hospital beds represents a measure of
he resources, which are available for providing services to
npatients in hospitals. Moreover, Mobley and Magnussen
6] argue that the variable beds can be treated as repre-
enting the variation in service technology among different
ospitals. As such, the number of beds is conventionally
sed as an approximation for the capital and technology
nput in a within-country hospital comparison [25,58,60]
s well as in an international context [2,6].
.2.2. Hospital employment
Labor input in hospital efﬁciency studies is often disag-
regated by skill level [2,6,7]. Although the OECD dataset
isaggregates the measure of total hospital employment
nto six different categories, only physicians employed
n hospitals and nurses employed in hospitals provide
nough data for analysis. The measurement of hospital
mployment involves head counts rather than full time
quivalents, as most of the data are available in head count
nits. For a few countries, which provide data only for
ull time equivalent employment, the conversion into head
ount units is executed on the basis of the average ratio of
ead counts to full time equivalents derived from countries,
hich provide both measures.
.3. Environmental variables
.3.1. Health care expenditure
Policies and institutions are designed to inﬂuence the
erformance of health care while containing costs. Evans
t al. [63] found health system efﬁciency to be related
o health care expenditure per capita for a sample of
91 countries. This study investigates whether health care
xpenditure per capita is associated with the hospital sec-
or efﬁciency in OECD countries..3.2. Financing of health care
Although all OECD countries use a mixed way of ﬁnanc-
ng their health care, they use public and private sources
o a various extent. In order to control for the effect of the Policy 112 (2013) 70– 79
source of ﬁnancing, the percentage of private ﬁnancing in
total health care expenditure is used. A high level of private
spending may  lead to regressive health care ﬁnancing and
thus cause inequalities in the access to health care services
[6,64].
3.3.3. Income inequality
The differences in income distribution across countries
are measured by the Gini coefﬁcient for the mid-2000s. The
coefﬁcient takes the value from 0 to 1, with higher val-
ues representing a greater degree of inequality. Previous
research has found that inequality might affect health sta-
tus and health care efﬁciency at the international [12,65,66]
as well as at the regional level [67].
3.3.4. Market inﬂuences
In order to account for market inﬂuences, the measure
of hospital density as total hospitals in a country per mil-
lion population is included [68]. Higher density of hospitals
in a country can potentially lead to competitive pressures
as well as a faster spread of technology and efﬁcient man-
agerial practices. Alternatively, the number of hospitals
per million population can also be capturing economies
of scale, as our measure of hospital density can be inter-
preted as a proxy for the inverse of the number of patients
(in millions) per hospital.
3.3.5. Education
Education has proved to be a key contributing factor
to population health status in empirical studies, as edu-
cation inﬂuences many of the decisions, which determine
the quality of life and mortality rates [12,69]. In this study,
education is deﬁned as the population density with upper
secondary education.
3.3.6. Length of stay
OECD countries differ considerably from each other in
their average hospital lengths of stay (from 4 to 5 days in
Israel, Denmark, and Turkey to 34 days in Japan). Certain
remuneration systems, e.g., per diems, might create incen-
tives for hospital managers to extend the length of stay in
order to meet their budgets [7,70]. Differences in length of
stay may  explain differences in efﬁciency.
3.3.7. Health status
Life expectancy and infant mortality rates are included
to control for the heterogeneity in population health sta-
tus, as suggested in previous research [6]. Moreover, the
infant mortality rate might serve as an indicator of the
quality of prenatal care, whereas the life expectancy rate
characterizes the quality of elderly care [6].
3.3.8. Patient mix
Most hospital studies include some measure of patient
mix, in particular, the proportion of elderly patients
[58,60,71,72]. The percentage of population aged over 65 is
included as an additional control for case-mix differences.3.3.9. Full-time employment
Since hospital employment in this study is measured
in head counts and not in full time equivalent (FTE) units,
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Table  2
Model speciﬁcations.
DEAa SFA
m1  m2  m3  m4  m5  m6  m7 m8  m9  s1 s2 s3
Inputb variables
Beds X X X X X X X X X X X X
Employment X X X X
Physicians X X X X X X X X
Nurses  X X X X
Output  variables
Discharges X X X X X X X X X X X X
Mortality X X X
els.a m1–m6  are input-oriented and m7–m9 are output-oriented DEA mod
b X indicates that the variable is included into the model.
there is a concern that labor input for countries, which use a
large proportion of part-time labor, will be overestimated.
The share of the full-time employment in the country is
added to control for the difference in working hours across
OECD countries.
4. Results and discussion
4.1. Efﬁciency estimates
Frontier analysis is initially carried out on cross-
sectional data for 2007 using a number of alternative
models in terms of technology speciﬁcation and model
assumptions. The input and output variables used in the
different models are indicated in Table 2.
The DEA efﬁciency scores corrected for the bootstrap
bias and the SFA efﬁciency scores across different models
are presented in Table 3. The reciprocals of efﬁciency scores
in the output-oriented DEA models are used in order to
allow for direct comparison with the input-oriented DEA
models and the SFA models. The value of 1 indicates that a
country produces at the frontier, the lower the value, the
farther the country is from the efﬁcient frontier.
The comparison of technical efﬁciency of the hospital
industries across countries should be regarded critically
as it concerns the use of resources and does not directly
address health outcomes. It is possible for countries,
renowned for their good health outcomes in terms of
longevity, such as Japan, to perform worse on the technical
efﬁciency side than a country with worse health outcomes,
such as Turkey. Countries, which lie on the frontier, are the
most successful in their consumption of labor and technol-
ogy inputs to achieve the amount of hospital discharges
adjusted for case severity, relative to other countries.
The Spearman rank correlations are conventionally used
to compare efﬁciency scores provided by various model
speciﬁcations and make validity judgments [13,46,50,53],
although the Pearson correlations between the scores are
also sometimes used [52]. The Spearman rank correlation
coefﬁcients across the different DEA and SFA models are
presented in Table 4.The Spearman rank correlations between the results of
the input-oriented DEA models (m1–m6) obtained using
different selections of the input and output variables lie in
the range 0.36–0.90. This implies that the change in thedeﬁnition of hospital employment as well as adding mor-
tality to the output deﬁnition might considerably change
the efﬁciency rankings across the OECD sample. On the
other hand, the SFA models (s1–s3) provide high Spear-
man  rank correlations (0.89–0.97) between models with
different input deﬁnitions. The fact that the DEA results are
more sensitive to changes in the speciﬁcation of input and
output variables than the SFA models has already
been noticed in previous studies [46,52]. Furthermore,
the change in the DEA assumptions from input- to
output-orientation (the corresponding models m1–m3 and
m7–m9) provides consistently high Spearman rank corre-
lations (0.75–0.96) across models with identically deﬁned
input and output variables. Thus, while the SFA results
suggest good internal validity, the DEA estimations of efﬁ-
ciency are highly sensitive to the choice of variables for
inputs and outputs but rather stable to the change in model
assumption.
To determine external validity of the DEA and SFA mod-
els, the consistency of the results both across time and
between the two  methodologies is tested. The Spearman
rank correlations for the DEA efﬁciencies between three
consecutive years (not presented here) over the time-
period 2000–2009 in the model m8  produces correlations
between 0.90 and 0.98. High inter-year rank correlations
(0.95–0.99) are also observed for the SFA results in the
model s2. In terms of the comparability of DEA and SFA,
the Spearman rank correlation of 0.43–0.84 is observed
between the input-oriented DEA models and the SFA mod-
els with identically deﬁned input and output variables. The
Spearman rank correlations among the output-oriented
DEA models and the SFA models with the identical tech-
nology speciﬁcations lie in the range 0.74–0.90. The
inter-year rank correlations for DEA and SFA suggest that
both approaches perform quite well in terms of external
validity. The output-oriented DEA models show more con-
sistency with the SFA results than the input-oriented DEA
models.
4.2. Regressing efﬁciency on environmental variablesThere are no precise diagnostic tools, which allow
choosing the best model speciﬁcation [52]; however, there
is a solid statistical basis for the model selection in case
of nested models. Output-orientation in DEA is chosen
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Table 3
Efﬁciency estimation across various model speciﬁcations (year 2007).
OECD countrya m1  m2 m3 m4  m5 m6  m7  m8 m9 s1 s2 s3
Australiab,c 0.95 0.92 . 0.93 0.91 . 0.92 0.92 . 1.00 0.98 .
Austria  0.90 0.84 0.86 0.90 0.84 0.86 0.91 0.90 0.90 1.00 1.00 1.00
Belgium 0.62 0.87 0.87 0.66 0.85 0.87 0.65 0.84 0.86 0.66 0.80 0.76
Canada 0.94 . . 0.93 . . 0.65 . . 0.58 . .
Czech  Republic 0.65 0.61 0.64 0.76 0.60 0.63 0.73 0.68 0.68 0.71 0.70 0.70
Denmark 0.97 0.95 0.93 0.94 0.92 0.91 0.95 0.95 0.93 0.96 0.90 0.92
Estonia 0.85 0.77 0.84 . . . 0.85 0.83 0.86 0.88 0.83 0.85
Finland 0.82 0.92 0.86 0.89 0.84 0.87 0.82 0.95 0.86 0.85 0.91 1.00
France 0.91 0.86 0.89 . . . 0.91 0.89 0.91 0.94 0.94 0.95
Germany 0.94 0.87 0.89 0.93 0.87 0.89 0.94 0.92 0.92 0.88 0.91 0.90
Greece 0.92 0.83 0.91 . . . 0.87 0.87 0.92 1.00 0.85 0.91
Hungary 0.92 0.80 0.79 . . . 0.94 0.84 0.83 0.81 0.80 0.82
Iceland 0.60 0.59 0.64 0.62 0.57 0.63 0.68 0.67 0.67 0.65 0.65 0.66
Ireland 0.71 0.52 0.57 0.72 0.55 0.64 0.57 0.57 0.56 0.59 0.59 0.59
Israel  0.97 0.79 0.85 0.95 0.83 0.91 0.94 0.77 0.85 0.82 0.74 0.78
Italy  0.95 0.75 0.78 0.90 0.83 0.92 0.89 0.74 0.79 0.82 0.72 0.75
Japan  . 0.38 0.44 . 0.46 0.46 . 0.40 0.40 . 0.27 0.26
Korea  0.90 0.75 0.87 0.90 0.85 0.87 0.88 0.83 0.86 0.72 0.71 0.73
Luxembourg 0.79 . . 0.86 . . 0.80 . . 0.82 . .
Netherlands 0.68 0.60 0.69 0.68 0.60 0.74 0.51 0.53 0.53 0.53 0.55 0.55
Norway 0.97 0.95 0.93 0.90 0.86 0.87 0.96 0.96 0.94 0.95 0.91 0.92
Poland  . 0.81 0.83 . . . . 0.85 0.84 . 0.79 0.80
Portugal 0.96 0.64 0.65 0.95 0.88 0.92 0.80 0.60 0.66 0.65 0.57 0.60
Slovak  Republic 0.96 0.75 . 0.92 0.74 . 0.94 0.80 . 0.84 0.79 .
Slovenia . 0.66 0.85 . 0.66 0.88 . 0.74 0.84 . 0.77 0.84
Spain  0.96 0.71 0.72 0.94 0.92 0.92 0.87 0.67 0.73 0.71 0.62 0.66
Switzerland 0.77 0.75 0.78 0.77 0.73 0.77 0.82 0.81 0.80 0.79 0.79 0.80
Turkey  . 0.88 0.87 . . . . 0.85 0.85 . 0.75 0.82
United Kingdom 0.87 . . 0.86 . . 0.79 . . 0.78 . .
United  States 0.94 0.87 0.88 0.92 0.85 0.87 0.87 0.85 0.86 0.92 1.00 1.00
Mean  efﬁciency 0.86 0.77 0.79 0.86 0.77 0.81 0.83 0.79 0.79 0.80 0.77 0.78
nel data
cient co
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t
h
b
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Ta New Zealand does not provide data for 2007 but is included in the pa
b ‘.’ represents a missing value.
c Values closer to (farther from) 1 represent more (less) technically efﬁ
ecause it might be more appropriate in health produc-
ion context [13]. Disaggregated hospital employment is a
etter indication of the specialized labor input across coun-
ries than total hospital employment. The selection among
he two nested nonparametric models with disaggregated
ospital employment, m8  and m9,  is performed using the
ootstrap method [22,47]. The relevance of the additional
nput variable in model m9  is tested by calculating the
est statistic S under the null hypothesis that the restricted
odel m8  is correct. The estimate of the one-sided test
hat S < 1 is 0.96, which is not below the critical value from
able 4
he Spearman rank correlation coefﬁcients across various model speciﬁcations.
m1  m2 m3 m4  m5 m6  
m1  1.00
m2  0.40 1.00
m3  0.46 0.89 1.00
m4  0.90 0.36 0.37 1.00
m5  0.62 0.72 0.70 0.70 1.00
m6  0.80 0.46 0.44 0.82 0.75 1.00
m7  0.75 0.61 0.68 0.64 0.53 0.55 
m8  0.29 0.95 0.88 0.23 0.61 0.29 
m9  0.41 0.87 0.96 0.33 0.65 0.37 
s1  0.43 0.79 0.81 0.39 0.50 0.31 
s2  0.22 0.84 0.81 0.20 0.49 0.22 
s3  0.30 0.83 0.80 0.27 0.45 0.28 
he Spearman rank correlations between the models using the same sets of inpu
he  estimation is based on cross-sectional DEA and SFA in the subsample of year  estimations.
untries.
the bootstrap estimation at 5% signiﬁcance level of 0.936.
This suggests that the production technology in model m9
does not provide a signiﬁcantly better ﬁt of the data, and
that m8  is the preferred model. The corresponding selec-
tion among the nested SFA models, s2 and s3, is performed
using the log-likelihood ratio test. The null hypotheses of
the restricted model s2 cannot be rejected, since the test
statistics of 1.044 is below the critical Chi-square statistics
at the 5% conﬁdence level of 3.84. Thus, both DEA and SFA
model speciﬁcation tests suggest that the inclusion of nurse
employment is redundant.
m7 m8  m9 s1 s2 s3
1.00
0.62 1.00
0.71 0.92 1.00
0.74 0.84 0.88 1.00
0.55 0.90 0.87 0.89 1.00
0.60 0.90 0.85 0.90 0.97 1.00
t and output variables are marked in bold.
2007 presented in Table 3.
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Table  5
Nonparametric (DEA) and parametric (SFA) regression results.
DEA (m8) SFA (s2)
Estimate SE Estimatea SE
Constant −0.9447 0.5706 . −1.5507 0.8296 .
Expenditure 0.0331 0.0091 *** 0.1329 0.0233 ***
Private  expenditure 0.0010 0.0011 0.0027 0.0018
Inequality −1.2885 0.2419 *** −1.8560 0.3934 ***
Hospital density 0.0041 0.0007 *** 0.0074 0.0012 ***
Education 0.0079 0.0043 . 0.0101 0.0064
Length  of stay −0.0196 0.0019 *** −0.0448 0.0030 ***
Population over 65 0.0129 0.0042 ** 0.0114 0.0062 .
Life  expectancy 0.0115 0.0059 . −0.0030 0.0093
Infant  mortality 0.0353 0.0073 *** 0.0406 0.0103 ***
Full-time employment 0.0083 0.0017 *** 0.0159 0.0027 ***
sigmab 0.1057 0.0066 ***
sigmaSqc 0.0206 0.0028 ***
gammad 0.9287 0.0282 ***
Log  likelihood 199.05 142.337
Unbalanced panel: cross-sections = 26e, time periods = 2–10, observations = 202
Signiﬁcance level: ‘***’ 0.001; ‘**’ 0.01; ‘*’ 0.05; ‘.’ 0.1.
a The coefﬁcients in the SFA model are multiplied with −1 to obtain the effects on efﬁciency.
b sigma is the estimated standard deviation of the assumed left-truncated normal distribution.
c sigmaSq is the estimate of the total variance.
.
Estonia,
blic, Slod gamma is the fraction of the total variance attributable to inefﬁciency
e Countries in the panel: Australia, Austria, Belgium, Czech Republic, 
Korea,  Netherlands, New Zealand, Norway, Poland, Portugal, Slovak Repu
The panel models are ﬁrst tested for the presence of time
ﬁxed effects. On the basis of log-likelihood ratio tests, the
null hypotheses of no time ﬁxed effects cannot be rejected,
as both test statistics (13.88 for DEA and 1.98 for SFA) are
below the critical Chi-square statistics at the 5% conﬁdence
level of 16.92. Therefore, we proceed with estimating the
models without year dummies. The results of the two-stage
DEA model and the one-step SFA using unbalanced panel
data (T = 2–10) are listed in Table 5.
The frontier coefﬁcients in SFA, which are as expected
positive and signiﬁcant, are not presented. The positive
and signiﬁcant coefﬁcient for health care expenditure per
capita suggests that the hospital sector efﬁciency rises with
the amount of resources invested into the health care sys-
tem. This ﬁnding is consistent with Evans et al. [63], who
found that in the sample of 191 countries higher expendi-
ture on health per capita was associated with higher health
care efﬁciency, especially at low expenditure. The coefﬁ-
cient denoting the funds coming from private sources is
insigniﬁcant, implying that the source of funding is not
an important factor determining the hospital sector efﬁ-
ciency. The coefﬁcient for income inequality in a given
country is negative and signiﬁcant, which indicates that a
high amount of inequality in a country creates a greater
social environmental challenge [12]. The coefﬁcient for
average hospital length of stay is negative and signif-
icant, which implies that the efﬁciency of the hospital
sector tends to increase with a shorter average length of
stay.
With the only exception of life expectancy variable, the
signs of the coefﬁcients derived by DEA and SFA are very
similar. The difference in DEA and SFA coefﬁcients might
be due to the different interpretation of inefﬁciency by
DEA and SFA. While DEA attributes all frontier distance dif-
ferences between countries to inefﬁciency, SFA is splitting Finland, France, Germany, Greece, Hungary, Ireland, Israel, Italy, Japan,
venia, Spain, Switzerland, Turkey, and US.
the variance into an inefﬁciency component and a random
component.
4.3. Sensitivity analyses
Instead of providing the full description of parameter
estimates, only the distinguishing features of each analy-
sis are shortly mentioned. First, the original regression of
environmental variables on efﬁciency in DEA and SFA is
estimated with health expenditure measured as a share of
GDP. The results remain very similar to those above. Then,
hospital expenditure instead of total health expenditure
is used, which reduces the sample to 23 countries. How-
ever, the results are similar to the original estimation, in
that increased hospital expenditure in thousands of US$
PPP is associated with higher levels of hospital efﬁciency.
The conclusion is not affected if hospital expenditure is
measured as a share of GDP, either. Furthermore, measur-
ing hospital physician employment in full time equivalent
(FTE) units in a sample of 18 countries, for which these
data are available, does not alter the original conclusions.
Finally, when the measure of total hospital employment is
used as an input variable in the production function, the
main results also remain robust.
5. Conclusion
The paucity of studies comparing hospital efﬁciency
across countries has been underlined by the lack of con-
sistent international data. Although there has been a
considerable improvement of the OECD data quality over
the last few years, a number of limitations remain. Spinks
and Hollingsworth [12] raised concerns to the utilization
of the OECD sample as panel data, as most of the series
are derived from the moving averages and not obtained as
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ndependent samplings. Moreover, the study of the hospital
ndustry is complicated by the inconsistency in reporting
tandards across countries, the lack of useful control vari-
bles, and the fact that data for some countries do not cover
ll hospitals [56]. More initiatives in future to collect reli-
ble micro and macro data should be encouraged.
The cross-sectional analysis of the hospital sector
fﬁciency in OECD countries using nonparametric and
arametric techniques reveals that countries with good
ealth outcomes, such as Japan, can be technically
nefﬁcient in their use of health resources. The panel-
ata analysis shows that countries with more technically
fﬁcient hospital sectors tend to have higher health
are expenditure per capita. Whether the expenditure is
nanced through private or public sources is not signiﬁ-
ant. On the other hand, the hospital sectors in countries
ith higher income inequality and longer average length
f stay are less technically efﬁcient.
However, the aim of this paper was not only to esti-
ate the efﬁciency of the hospital sector in OECD countries
nd look at the factors associated with higher efﬁciency,
ut also to enhance the understanding of using efﬁciency
ethods for international comparison of hospitals. The-
retical considerations suggest that DEA might be more
ppropriate than SFA in particular cases and vice versa.
f both DEA and SFA are deemed appropriate, it may  be
dvisable to check the robustness of the results across the
wo methodologies [13,50]. Moreover, since the real under-
ying technology is unknown, alternative speciﬁcations in
erms of technology and model assumptions might be con-
idered [50]. Further research should target a number of
nanswered theoretical questions, particularly, the appro-
riateness of DEA or SFA in the speciﬁc research context
nd the selection of variables for analysis.
The reliability of parametric and nonparametric efﬁ-
iency estimations is crucial in decision making from a
ealth policy perspective. Researchers and policy mak-
rs should be aware of the limitations and imprecision of
arametric and nonparametric techniques in comparing
fﬁciency in the health sector based on aggregate data. Nev-
rtheless, the quantitative international comparison when
igorously conducted might produce a valuable source of
vidence for policy.
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